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Steady-state visual evoked potential (SSVEP)-based brain–
computer interfaces (BCIs) have been widely studied. Considerable
progress has been made in the aspects of stimulus coding,
electroencephalogram processing, and recognition algorithms to

© The authors 2022. This article is published with
open access at journals.sagepub.com/home/BSA

enhance system performance. The properties of SSVEP have been
demonstrated to be highly sensitive to stimulus luminance.
However, thus far, there have been very few reports on the impact
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of background luminance on the system performance of SSVEPbased BCIs. This study investigated the impact of stimulus
background luminance on SSVEPs. Specifically, this study compared
two types of background luminance, i.e., (1) black luminance [red,
green, blue (rgb): (0, 0, 0)] and (2) gray luminance [rgb: (128, 128,
128)], and determined their effect on the classification performance
of SSVEPs at the stimulus frequencies of 9, 11, 13, and 15 Hz. The
offline results from nine healthy subjects showed that compared
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with the gray background luminance, the black background
luminance induced larger SSVEP amplitude and larger signal-tonoise ratio, resulting in a better classification accuracy. These results
suggest that the background luminance of visual stimulus has a
considerable effect on the SSVEP and therefore has a potential to
improve the BCI performance.

1

Introduction

Recently, considerable attention has been attracted
by the steady-state visual evoked potential
(SSVEP)-based brain–computer interface (BCI)
for its advantages such as minimal user training,
ease to use, and high information transfer rate
(ITR) [1, 2]. In the SSVEP-based BCI systems,

users fixate on one of the multiple visual flickers
tagged with different stimulation properties (e.g.,
frequency and phase) and the gazed target can be
identified through analyzing the SSVEPs elicited
by the target stimulus.
One of the major challenges in advancing the
SSVEP-based BCI technology is the bottleneck
regarding its performance, which is mainly
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attributed to the poor signal-to-noise ratio (SNR)
of electroencephalogram (EEG) signals [3]. The
SNR of the SSVEP signals can be improved by
increasing the signal level and/or decreasing the
noise level. Researchers have made considerable
progress in improving the SNR of the SSVEP and
enhancing the BCI performance. First, researchers
improved the SNR through applying advanced
signal processing methods. For example, trial
averaging has been widely used in the current
BCI systems to improve the SNR in the EEG
analysis [3]. Spatial filtering has been used to
project multichannel EEG data into a lowdimensional spatial subspace to eliminate taskirrelevant components and improve the SNR of
task-related EEG signals [4]. For SSVEP, the
canonical correlation analysis (CCA) approach,
which maximizes the correlation between the
SSVEP signals and predefined reference signals,
can considerably improve the detection frequency
of SSVEP [5, 6]. Independent component analysis,
another spatial filtering method, enhances the SNR
of the EEG signals by separating task-related
EEG components from the task-irrelevant EEG and
artifactual components [7, 8]. Second, researchers
designed experiments to obtain enhanced taskrelated EEG signals and improve the SNR.
For example, in an effective SSVEP-based BCI,
visual stimuli using emotional human faces
considerably enhanced the amplitude of the SSVEP
signals compared with those obtained using the
checkerboard stimuli [9]. Third, some researchers
adjusted the parameters of the visual stimulus
luminance to modulate the amplitude of SSVEP
response, thereby improving the SNR of SSVEP
[10–12]. For example, related studies have
demonstrated that luminance contrast information
is critical for the perception of form, motion
and depth [13, 14]. The luminance contrast or
“modulation depth” is defined as the ratio of
the maximum luminance minus the minimum
luminance to the maximum luminance plus the
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minimum luminance [15]. The amplitude of the
evoked potentials was found to be linearly
correlated with the logarithm of a stimulus’
contrast [16]. High luminance and modulation
depth tend to increase the SSVEP amplitude [17].
A study on the effects of luminance contrast on
the steady-state motion visual evoked potential
indicated that when the contrast ratio was the
highest, it could obtain high recognition accuracy
and SNR; however, it was easy to cause visual
fatigue [18]. Currently, the studies of luminance
contrast’s effect on SSVEP mostly concentrate on
the luminance change of the stimuli themselves
and ignore the effect of the background luminance
around the stimuli on the SSVEP. Owing to the
high sensitivity of SSVEP toward luminance,
this study mainly focuses on the influence of
stimulus background luminance on SSVEP.
Specifically, this study compared two types of
background luminance of visual stimulus, i.e.,
(1) black luminance [red, green, blue (rgb): (0, 0,
0)] and (2) gray luminance [rgb: (128, 128, 128)],
and compared their effect on the classification
performance of SSVEPs at the stimulus frequencies
of 9, 11, 13, and 15 Hz. This study designed
an experiment to compare the two types of
background luminance under different initial
phases (0 and π). The purpose of this study
was to test the effect of stimulus background
luminance on the SSVEP-related parameters
and provide an optimal background luminance
configuration for the SSVEP-based BCIs.

2

Methods

2.1 Subjects
Nine healthy subjects (5 females; age = 20–35 yr,
mean age = 24 yr) with normal or correctedto-normal vision participated in this study. Each
subject signed his/her written informed consent
prior to the experiment and was paid for his/her
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participation. This study was approved by
the Research Ethics Committee of Tsinghua
University.
2.2 Experimental design
The experiment comprised 16 blocks (8 black
background blocks and 8 gray background
blocks). To reduce the impact of presentation
order of the two background conditions, the
blocks with black and gray backgrounds were
presented alternately. Each block contained
48 trials, including 40 visual stimulation trials
and 8 key task trials. All trials were presented in
random orders. Each key task trial started with a
blank screen displayed for 1 s with a cross mark
at the center of the screen. Following the blank
offset, the subject was prompted to press the
space bar as soon as possible when a word was
displayed on the center of the screen. Once the
space bar was pressed, the program transferred
to the next trial. The key task trials were used to
improve subject’s attention. Each stimulation
trial lasted for 4 s. Each trial started with a blank
screen displayed for 1 s with a cross mark at the
center of the screen. Subjects were allowed to
blink and then shift their gaze to the target as
soon as possible within the blank display period.
After the blank offset, a target with gray luminance
[rgb: (128, 128, 128)] began to be presented on the
screen and lasted for 1 s (prestimulation offset).
Following the offset, sinusoidal stimuli began
to flicker and lasted for 2 s (SSVEP stimulation
offset).
As shown in Table 1, the stimulus trials could
be divided into 8 types. For the SSVEPs with
black or gray background, each type was repeated
for 360 trials (9 subjects × 8 blocks × 5 repeats).

Table 1

Stimulation types of experiment.

Stimtype

SSVEP-stimulus
Frequency

Initial phase

Stimtype1

9

0

Stimtype2

9

π

Stimtype3

11

0

Stimtype4

11

π

Stimtype5

13

0

Stimtype6

13

π

Stimtype7

15

0

Stimtype8

15

π

resolution of 1920 × 1080 pixels and a refresh
rate of 60 Hz. The stimulus was rendered within
a 250 × 250-pixel square on the center of the
screen. The screen surrounding the stimulus block
was covered with black [rgb: (0, 0, 0)] or gray
[rgb: (128, 128, 128)] color.
In a sinusoidal stimuli condition, this study
used the sampled sinusoidal stimulation method
[10, 11] to present visual flickers coded by the
joint frequency-phase modulation method [12].
The sequence s( f , i ) corresponding to frequency
f can be generated by modulating the luminance
of the screen using the following equation:

s f ,i 

1
i


  
1  sin  2πf
2
RefreshRate



(1)

The dynamic range of the stimulation signal is
from 0 to 1, where 0 represents black [rgb: (0, 0,
0)] and 1 represents the highest luminance [rgb:
(255, 255, 255)]. In this study, frequency f can be
9, 11, 13, or 15 Hz. i indicates the frame index

2.3 Stimulation presentation
The visual stimulation was presented on a
23.6-inch liquid-crystal display screen with a

Fig. 1 Diagram of visual stimulation. Visual stimulation paradigm
with (A) black and (B) gray backgrounds.
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inthe stimulus sequence. φ indicates the initial
phase, and it can be 0 or π. The refresh rate
was 60 Hz.
2.4 Data acquisition

EEG data were acquired using a Synamps2
system (Neuroscan, Inc.) at a sampling rate of
1000 Hz. The usable bandwidth was 1–100 Hz.
Sixty four electrodes were used to record SSVEPs.
The reference electrode was located at the vertex.
All electrodes were placed according to the
international 10–20 system. Electrode impedances
were kept below 10 kΩ. During the experiment,
subjects were seated in a comfortable chair in a
dimly lit soundproof room at a viewing distance
of ~70 cm from the monitor.
2.5 Data analysis

Data epochs were extracted according to event
triggers generated by the stimulus program.
Considering a latency delay in the visual system,
in amplitude and SNR algorithms, a 140-ms delay
was selected according to the previous studies
[11, 12]. That is, the data epochs were extracted
within the time range of [0.14 s, 2.14 s] (time
0 represented a sinusoidal stimulus onset).
Amplitude spectrum and SNR were calculated
using the overlay averaging method over 360
trials for each stimulus type. Amplitude spectrum
was realized using the fast Fourier transform
algorithm. The SNR of the SSVEP at the frequency
of fn was defined with Eq. (2):

SNR  20lg

Y ( fn )
 Y ( fq )

for frequency detection with individual calibration
data [12].
2.6 Statistical analysis

Statistical analysis was conducted using paired
t-test. Statistical significance was defined as
p < 0.05.

3

Results

3.1 Amplitude spectrum

Figure 2 shows the topography of amplitude
spectrum with black and gray backgrounds
for phase 0 (ABCD) and phase π (EFGH),
respectively. The amplitude spectrum data
presented in the figures were calculated using
the data averaged across the nine subjects. Parts
(AE), (BF), (CG), and (DH) indicate the stimulation
frequency conditions of 15, 13, 11, and 9 Hz,
respectively.
Figure 2 indicates that the area with higher
amplitude spectrum was concentrated in the
occipital region for all conditions. There was

(2)

q n

where Y ( fn ) represents the amplitude value of
SSVEP at a frequency of fn . In this study, the
adjacent frequency interval was 0.5 Hz.
The standard training free CCA-based algorithm
used in literature previous study [5] was adopted
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Fig. 2

Comparison of amplitude spectrum between black and

gray background luminance with phase 0 (A, B, C, and D) and
phase π (E, F, G, and H), under different stimulatioin frequencies:
15 (A, E), 13 (B, F), 11 (C, G), and 9 Hz (D, H).
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insignificant difference between phase 0 and
phase π in the amplitude spectrum. Furthermore,
for all frequency and phase conditions, the
amplitude spectrum with black background
was higher than that with gray background in
the occipital region.
For the phase 0 condition, the paired t-test of
amplitude spectrum at Oz channel (nine subjects)
indicated that the amplitude spectrum with
black background was larger than that with
gray background at the frequency of 15 Hz (p =
0.0043), 13 Hz (p = 0.001), and 9 Hz (p ≤ 0.001).
For the phase π condition, we found that the
amplitude spectrum with black background was
larger than that with gray background at the
frequency of 15 Hz (p = 0.0077), 13 Hz (p = 0.0015),
and 9 Hz (p = 0.0016).
3.2 SNR

Figure 3 shows the topography of SNR with
black and gray backgrounds for phase 0 (A, B,
C, and D) and phase π (E, F, G, and H),
respectively. The SNR data presented in the
figures were calculated with data averaged across

Fig. 3

nine subjects. Parts (A), (B), (C), and (D) indicated
the stimulation frequency conditions of 15, 13, 11,
and 9 Hz, respectively.
Figure 3 indicates that the area with higher
SNR was concentrated in the occipital region.
There was no major difference in the SNR
between phase 0 and phase π. Furthermore, for
all frequency and phase conditions, the SNR with
black background was higher than that with gray
background in most areas, especially in the most
responsive occipital region.
For the phase 0 condition, the paired t-test of
SNR data at Oz channel (nine subjects) showed
that the SNR with black background was greater
than that with gray background at the frequency
of 15 Hz (p = 0.0023), 13 Hz (p = 0.0351), 11 Hz
(p = 0.0026), and 9 Hz (p ≤ 0.001). For the phase
π condition, we found that the SNR with black
background was greater than that with gray
background at the frequency of 15 Hz (p = 0.0029),
13 Hz (p = 0.0288), 11 Hz (p = 0.0027), and 9 Hz
(p ≤ 0.001).
3.3 Classification accuracy

Figure 4 displays the classification accuracy of
SSVEPs (phase 0/π) at 15, 13, 11, and 9 Hz under
black and gray backgrounds. For the phase 0
condition, the paired t-test showed that the data
with black background had a higher classification
accuracy than that of the data with gray background for a data length of 0.5 s (68.61% vs.

Comparison of SNR between black and gray background

luminance with phase 0 (A, B, C, and D) and phase  (E, F, G, and
H) under different stimulatioin frequencies: 15 (A, E), 13 (B, F),
11 (C, G), and 9 Hz (D, H).

Fig. 4

Classification accuracy of SSVEPs at 15, 13, 11, and 9 Hz.
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51.04%, p ≤ 0.001), 1 s (84.58% vs. 66.94%, p ≤ 0.001),
1.5 s (90.42% vs. 77.64%, p = 0.0017), and 2 s
(92.15% vs. 82.78%, p = 0.0076). For the phase π
condition, the data with black background had
a higher classification accuracy than that of the
data with gray background for the data length of
0.5 s (66.39% vs. 50.28%, p ≤ 0.001), 1 s (84.72%
vs. 67.43%, p ≤ 0.001), 1.5 s (91.11% vs. 76.81%, p =
0.0012), and 2 s (93.54% vs. 83.47%, p = 0.0046).

4

Discusion and conclusion

Currently, most existing studies of stimulus
luminance on SSVEP mainly focus on the
luminance of the stimulus and ignore the effect of
the background luminance around the stimulus.
This study focused on the effect of the background luminance on the characteristics of SSVEP.
This study designed an experiment to compare
the effect of background luminance (black and
gray) on the amplitude and SNR of SSVEP. The
results indicated that the background luminance
has a considerable modulation effect on the
characteristics of SSVEP. Specifically, the amplitude
spectrum and SNR of SSVEP were substantially
higher in the black background condition
compared with those in the gray background
condition, showing better classification accuracy
for the SSVEPs with black background. The
background luminance values might be inversely
related to the classification performance. These
results suggest that the background luminance
of visual stimulus has important effect on the
SSVEP and has a potential for improving the
performance of the SSVEP-based BCIs.
The results of this study showed that black
background evoked stronger neural responses
while at the same time predicting worse subjective
comfort. The conclusions were reasonable and
indicated that black background elicit stronger
stimulus contrast than grey backgrounds, which
were consistent with our subjective feelings. The

http://bsa.tsinghuajournals.com

results of this study provide a reference for the
experimental paradigm design of brain–computer
interfaces, and are expected to provide enlightening regulatory directions for achieving the balance
between high performance and comfort of the
system.

Ethical approval
This study was approved by the Research Ethics
Committee of Tsinghua University.

Consent
Each subject signed his/her written informed
consent prior to the experiment.

Conflict of interests
All contributing authors have no conflict of
interests to declare.

Funding
This work was supported in part by National
Natural Science Foundation of China (Grant
No. 62171473), Beijing Science and Technology
Program (Grant No. Z201100004420015), and
Fundamental Research Funds for the Central
Universities of China (Grant No. FRF-TP-20017A1).

Authors’ contribution
X.C. designed research; S.Z. performed research;
S.Z. and X.C. analyzed data; S.Z. and X.C. wrote
the paper.

References
[1] Wang YJ, Gao XR, Hong B, et al. Brain-computer
interfaces based on visual evoked potentials. IEEE
Eng Med Biol Mag 2008, 27(5): 64–71.

journals.sagepub.com/home/BSA

56

Brain Sci. Adv.

[2] Bin G, Gao X, Wang Y, et al. VEP-based brain-computer
interfaces: time, frequency, and code modulations.
IEEE Comput Intell Mag 2009, 4(4): 22–26.
[3] Wolpaw JR, Birbaumer N, McFarland DJ, et al.
Brain-computer interfaces for communication and
control. Clin Neurophysiol 2002, 113(6): 767–791.
[4] Gao SK, Wang YJ, Gao XR, et al. Visual and auditory
brain–computer interfaces. IEEE Trans Biomed Eng
2014, 61(5): 1436–1447.
[5] Bin GY, Gao XR, Yan Z, et al. An online multi-channel
SSVEP-based brain–computer interface using a
canonical correlation analysis method. J Neural Eng
2009, 6(4): 046002.
[6] Lin ZL, Zhang CS, Wu W, et al. Frequency recognition
based on canonical correlation analysis for SSVEPbased BCIs. IEEE Trans Biomed Eng 2007, 54(6 Pt 2):
1172–1176.
[7] Winkler I, Haufe S, Tangermann M. Automatic
classification of artifactual ICA-components for
artifact removal in EEG signals. Behav Brain Funct
2011, 7(1): 30.
[8] Wang YJ, Jung TP. Improving brain–computer
interfaces using independent component analysis. In
Towards Practical Brain-Computer Interfaces. Allison
BZ, Dunne S, Leeb R, et al., Eds. Berlin, Germany:
Springer, 2012, pp 67–83.
[9] Bakardjian H, Tanaka T, Cichocki A. Emotional faces
boost up steady-state visual responses for brain–
computer interface. NeuroReport 2011, 22(3): 121–125.
[10] Manyakov NV, Chumerin N, Robben A, et al. Sampled
sinusoidal stimulation profile and multichannel fuzzy
logic classification for monitor-based phase-coded

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

SSVEP brain-computer interfacing. J Neural Eng
2013, 10(3): 036011.
Chen XG, Chen ZK, Gao SK, et al. A high-ITR
SSVEP-based BCI speller. Brain Comput Interfaces
2014, 1(3/4): 181–191.
Chen XG, Wang YJ, Nakanishi M, et al. High-speed
spelling with a noninvasive brain-computer interface.
Proc Natl Acad Sci USA 2015, 112(44): E6058–E6067.
Zemon V, Gordon J. Luminance-contrast mechanisms
in humans: visual evoked potentials and a nonlinear
model. Vision Res 2006, 46(24): 4163–4180.
Livingstone MS, Hubel DH. Psychophysical evidence
for separate channels for the perception of form,
color, movement, and depth. J Neurosci 1987, 7(11):
3416–3468.
Bisti S, Maffei L. Behavioural contrast sensitivity of
the cat in various visual meridians. J Physiol 1974,
241(1): 201–210.
Campbell FW, Maffei L. Electrophysiological evidence
for the existence of orientation and size detectors in
the human visual system. J Physiol 1970, 207(3):
635–652.
Spekreijse H. Analysis of EEG responses in man
evoked by sine wave modulated light. PhD Dissertation,
University of Amsterdam, Amsterdam, North Holland,
Netherlands, 1966.
Yan W, Xu G, Xie J, et al. Study on the effects of
brightness contrast on steady-state motion visual
evoked potential. In 2017 39th Annual International
Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC), Jeju, Korea (South), 2017,
pp 2263–2266.

Shangen Zhang received his B.Eng. degree from the University of Electronic Science
and Technology of China in 2007, and Ph.D. degree from Tsinghua University in 2019.
He is currently a lecturer in School of Computer and Communication Engineering,
University of Science and Technology Beijing. His research interests focus on
brain–computer interface, biomedical signal processing, and machine learning.
E-mail: zhangsfphd@163.com

Xiaogang Chen received his Ph.D. degree in biomedical engineering from Tsinghua
University, Beijing, China, in 2015. He is currently working as an associate professor
in Institute of Biomedical Engineering, Chinese Academy of Medical Sciences. His
research interests include brain–computer interface and biomedical signal processing.
E-mail: chenxg@bme.cams.cn

https://mc03.manuscriptcentral.com/brainsa

| Brain Science Advances

